1. Microbial communities are increasingly recognised as crucial for animal health.
Introduction
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The relative roles of interspecific associations versus the environment in shaping 3 communities are intensely debated (e.g., Chase & Myers, 2011; Vellend et al., 2014) . In 4 1 6 0
Conditional random fields 1 6 1 1 6 2 Identifying OTU co-occurrence patterns using conditional random fields 1 6 3
The framework we used to investigate OTU co-occurrence probabilities while accounting for 1 6 4 potential influences of covariates is described in detail by Clark et al. (2018a) and references 1 6 5 therein. Briefly, the log-odds of observing OTU j given covariate x and the presence-absence 1 6 6 of OTU k is modelled using: where y j is a vector of binary observations for OTU j (1 if the OTU was present, 0 if absent), 1 6 8 y \j represents vectors of binary observations for all other OTUs apart from j, α j0 is the OTU-1 6 9
level intercept, and β T j is the coefficient for the effect of covariate x on OTU j's occurrence 1 7 0 1 probability. Interaction parameters are represented by α jk0 and β T jk x (defined below). 1 7 1
Parameterization of the likelihood is estimated using logistic regression, where regression 1 7 2 coefficients represent the effects of predictors on the OTU's conditional log-odds. Cross-1 7 3 multiplying all combinations of co-occurring OTUs and external covariates allows direct 1 7 4
comparison of the relative influences interspecific associations) and host effects on an OTU's 1 7 5 occurrence probability. For each OTU-specific regression, sparsity is added to the model 1 7 6 using L1 (e.g., least absolute shrinkage and selection operator [LASSO]) regularisation to 1 7 7
force regression coefficients toward zero if they have minimal effects. Ten-fold cross-1 7 8
validation was implemented to choose the penalty that minimised cross-validated error, as 1 7 9
this is considered an appropriate loss function in binomial classification studies. We estimated four graphical model formulations of increasing complexity to identify a best-1 9 2 fitting model for our OTU presence-absence dataset. In the first, we built a Markov random 1 9 3
fields (MRF) graph that did not include any spatial data or host characteristics and used only 1 9 4 the binary occurrences of the 42 OTUs as predictors (hereafter the MRF model). In the 1 9 5 second model, the GPS coordinates for each observation (latitude and longitude, in decimal 1 9 6 degrees) were used to construct penalised Gaussian process regression splines with 100 1 9 7
degrees of freedom (Kammann & Wand, 2003; Wood, 2003) We assessed the fit of each of the above candidate models to the observed data by calculating 2 0 9
the proportion of observations that each model successfully classified. This was done using 2 1 0 ten-fold cross-validation. The best-fitting model was then fit to 100 bootstrapped versions of 2 1 1 the observed data (randomly shuffling observations in each bootstrap iteration) to capture 2 1 2 uncertainty in model parameters. All CRF model fitting was performed using functions in the 2 1 3
MRFcov R package (Clark, Wells, & Lindberg, 2018a) . From the OTU co-occurrence data, 2 1 4
we constructed an adjacency matrix and plotted association networks using iGraph R 2 1 5
package (Csárdi & Nepusz, 2006) . See Appendix S1 for R code detailing data preparation, 2 1 6 analytical routine and model specification. Cyanobacteria OTUs had more negative association partners than other phyla (3 vs 2, Table  2 8 1 1). FGs showed similar differences, with FG1 (which was dominated by the Tenericutes; Fig.  2 8 2 S3) having more positive associations compared to FG2 (4 vs 3 on average). The opposite 2 8 3 was true for negative associations, with FG2 having more associations on average than FG1 2 8 4
(1 vs 2 Neg: number of negative associations. 'NewReference' indicates that the OTU has not been 2 9 1 previously characterised by the Greengenes database. FG: Functional group (see Figure S3 ). associations over host characteristics in shaping moose gut microbial communities at a 3 0 5 population scale. In this case, both interspecific associations and spatial proximity were 3 0 6 important for shaping microbial communities in this declining moose population. Host 3 0 7 characteristics were relatively less important in predicting the distribution of microbes. Even 3 0 8 though we did not have host genetic or specific diet data from individuals (i.e. stable isotope 3 0 9 data), we could predict microbial distributions using just interspecific associations with 3 1 0 remarkably high accuracy. Across this moose population, we detected non-random negativeand positive microbial associations with no clear functional or phylogenetic pattern. Our 3 1 2 study not only highlights the importance of accounting for interspecific associations when 3 1 3 trying to quantify how host characteristics shapes host infra-communities but also shows the 3 1 4
value of graphical network models in untangling community dynamics more broadly. 3 1 5 3 1 6
We found that evidence of pathogen exposure was not particularly important in predicting 3 1 7 moose gut microbial community dynamics. As the serological evidence we used in this study 
